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OBJECT PICKUP STRATEGIES FOR A
ROBOTIC DEVICE

CROSS REFERENCE TO RELATED
APPLICATION

The present application claims priority to U.S. Provisional
patent application Ser. No. 61/793,151 filed on Mar. 15,2013
and entitled “Mixed Case Palletizing and Truck Loading/
Unloading,” U.S. Provisional patent application Ser. No.
61/798,425 filed on Mar. 15, 2013 and entitled “Environment
Reconstruction and Trajectory Planning,” U.S. Provisional
patent application Ser. No. 61/798,564 filed on Mar. 15,2013
and entitled “Object Reconstruction and Detection,” and U.S.
Provisional patent application Ser. No. 61/798,505 filed on
Mar. 15, 2013 and entitled “Optical Sensors,” which are each
herein incorporated by reference as if fully set forth in this
description.

BACKGROUND

Unless otherwise indicated herein, the materials described
in this section are not prior art to the claims in this application
and are not admitted to be prior art by inclusion in this section.

Robotic systems, such as a robotic arm containing a grip-
ping component, may be used for applications involving pick-
ing up or moving objects. For instance, a robotic device may
be used to fill a container with objects, create a stack of
objects, or unload objects from a truck bed. In some cases, all
of the objects may be of the same type. In other cases, a
container or truck may contain a mix of different types of
objects, such as boxed items, cans, tires, or other stackable
objects. Suchrobotic systems may direct a robotic arm to pick
up objects based on predetermined knowledge of where
objects are in the environment.

SUMMARY

A robotic device may include a robotic arm that may be
equipped with a gripper, such as a suction gripper, in order to
move objects to specified locations. In some examples, a
grasp point on the object may be selected for the gripper based
on global considerations such as motion planning and colli-
sion avoidance, among other possibilities. Therefore, a
robotic device may be configured to identify characteristics of
the object and the physical environment in order to determine
potential grasp points on the object. The robotic device may
also be configured to determine a motion path for the gripper
to follow in order to place the object at a drop-off location.
The robotic device may then be configured to select a grasp
point from the potential grasp points based on a variety of
factors such as the determined motion path.

In one aspect, a method is provided. The method involves
identifying one or more characteristics of a physical object
within a physical environment. The method also involves,
based on the identified one or more characteristics, determin-
ing one or more potential grasp points on the physical object,
by a computing device, corresponding to points at which a
gripper attached to a robotic manipulator is operable to grip
the physical object. Additionally, the method involves deter-
mining a motion path for the gripper to follow in order to
move the physical object to a drop-oft location for the physi-
cal object. Further, the method also involves selecting a grasp
point from the one or more potential grasp points based on the
determined motion path. Yet further, the method also involves
providing instructions to cause the robotic manipulator to
grip the physical object at the selected grasp point with the
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2

gripper and move the physical object through the determined
motion path to the drop-off location.

In another aspect, a system is provided. The system
includes a robotic manipulator, a gripper attached to the
robotic manipulator, and a control system configured to per-
form functions. The functions include identifying one or
more characteristics of a physical object within a physical
environment. The functions also include, based on the iden-
tified one or more characteristics, determining one or more
potential grasp points on the physical object corresponding to
points at which the gripper is operable to grip the physical
object. Additionally, the functions also include determining a
motion path for the gripper to follow in order to move the
physical object to a drop-off location for the physical object.
Further, the functions also include selecting a grasp point
from the one or more potential grasp points based on the
determined motion path. Yet further, the functions also
include providing instructions to cause the robotic manipula-
tor to grip the physical object at the selected grasp point with
the gripper and move the physical object through the deter-
mined motion path to the drop-off location.

In yet another aspect, a non-transitory computer readable
medium is provided. The non-transitory computer readable
medium has stored therein instructions, that when executed
by a computing device, cause the computing device to per-
form functions. The functions include identifying one or
more characteristics of a physical object within a physical
environment. The functions also include, based on the iden-
tified one or more characteristics, determining one or more
potential grasp points on the physical object corresponding to
points at which a gripper attached to a robotic manipulator is
operable to grip the physical object. Additionally, the func-
tions also include determining a motion path for the gripper to
follow in order to move the physical object to a drop-off
location for the physical object. Further, the functions also
include selecting a grasp point from the one or more potential
grasp points based on the determined motion path. Yet further,
the functions also include providing instructions to cause the
robotic manipulator to grip the physical object at the selected
grasp point with the gripper and move the physical object
through the determined motion path to the drop-off location.

In yet another aspect, a system is provided. The system
may include: (a) means for identifying one or more charac-
teristics of a physical object within a physical environment,
(b) means for, based on the identified one or more character-
istics, determining one or more potential grasp points on the
physical object corresponding to points at which a gripper
attached to a robotic manipulator is operable to grip the physi-
cal object, (¢) means for determining a motion path for the
gripper to follow in order to move the physical object to a
drop-offlocation for the physical object, (d) means for select-
ing a grasp point from the one or more potential grasp points
based on the determined motion path, and (e) means for
providing instructions to cause the robotic manipulator to
grip the physical object at the selected grasp point with the
gripper and move the physical object through the determined
motion path to the drop-off location.

The foregoing summary is illustrative only and is not
intended to be in any way limiting. In addition to the illustra-
tive aspects, embodiments, and features described above, fur-
ther aspects, embodiments, and features will become appar-
ent by reference to the figures and the following detailed
description and the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A shows a robotic arm mounted on a moveable cart,
according to an example embodiment.
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FIG. 1B is a functional block diagram illustrating a robotic
device, according to an example embodiment.

FIG. 2A shows a robotic arm and a stack of boxes, accord-
ing to an example embodiment.

FIG. 2B shows scanning of the stack of boxes from FIG. 2A
by a sensor mounted on the robotic arm, according to an
example embodiment.

FIG. 2C shows the robotic arm from FIG. 2A moving a
box, according to an example embodiment.

FIG. 3A shows an example configuration for gripping a
box using a suction gripper, according to an example embodi-
ment.

FIG. 3B shows an example configuration for gripping two
boxes using a suction gripper, according to an example
embodiment.

FIG. 3C shows an example configuration for gripping two
boxes of different heights using a suction gripper, according
to an example embodiment.

FIG. 3D shows a suction gripper adapting to an irregular
surface, according to an example embodiment.

FIG. 4A shows a suction valve at full extension, according
to an example embodiment.

FIG. 4B shows a suction valve flexing to conform to a
surface prior to hardening, according to an example embodi-
ment.

FIG. 4C shows a hardened suction valve configured to
provide extra grip to surfaces with lots of curvature, accord-
ing to an example embodiment.

FIG. 5 shows an example flow chart for selecting a grasp
point, according to an example embodiment.

FIG. 6A shows a robotic arm and an object within a physi-
cal environment, according to an example embodiment.

FIG. 6B shows a robotic arm and an object with several
potential grasp points, according to an example embodiment.

FIG. 6C shows a robotic arm grasping onto an object at a
selected grasp point, according to an example embodiment.

FIG. 6D shows a robotic arm moving an object through a
motion path, according to an example embodiment.

DETAILED DESCRIPTION

Example methods and systems are described herein. Any
example embodiment or feature described herein is not nec-
essarily to be construed as preferred or advantageous over
other embodiments or features. The example embodiments
described herein are not meant to be limiting. It will be readily
understood that certain aspects of the disclosed systems and
methods can be arranged and combined in a wide variety of
different configurations, all of which are contemplated
herein.

Furthermore, the particular arrangements shown in the Fig-
ures should not be viewed as limiting. It should be understood
that other embodiments might include more or less of each
element shown in a given Figure. Further, some of the illus-
trated elements may be combined or omitted. Yet further, an
example embodiment may include elements that are notillus-
trated in the Figures.

1. Overview

Example embodiments provide for object pickup strategies
involving a robotic device such as a robotic arm with a grip-
ping component or other end effector. Object pickup and
movement strategies may be useful in various aspects of
industry such as manufacturing, transport, and delivery of
consumer goods. For example, loading a heavy box onto a
truck may be a suitable task for a robotic arm. Therefore, it
may be desirable to select a grasp point for the gripping
component on the box that allows the robotic device to move
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the box through a determined motion path while avoiding
collisions with nearby objects or people, among other pos-
sible factors.

A robotic arm may be equipped with a gripper such as a
suction type gripper. The suction gripper may be controlled in
various ways, such as remote sensing, to grasp onto an object
like a box. In particular, the gripper may be a digital suction
grid gripper that may be configured to grasp onto multiple
boxes, including multiple boxes of different heights. Addi-
tionally, the gripper may be configured to grasp onto irregular
surfaces while ensuring that the object is not dropped.

In many cases, a robotic arm may be equipped with various
sensors that allow for analysis of the object and the environ-
ment, as well as 3D (“virtual”) reconstruction of the object
and the environment. Such virtual reconstruction may allow
for identification of various characteristics of the object as
well as determination of potential grasp points on the object.
Potential grasp points on the object may correspond to points
at which the gripper is operable to grip the physical object.
Additionally, the robotic arm may evaluate local consider-
ations such as other objects in the environment. For example,
other objects in the environment may include adjacent boxes,
or a bin in which the object is placed, among other possibili-
ties. As a result, the robotic arm may determine an approach
towards the object as well as potential grasp points based on
such additional considerations.

Further, the robotic arm may be configured to determine a
motion path for the gripper to follow so that the robotic arm
can move the object to a particular drop-off location (e.g., a
container or truck). The motion path may be determined
based on a variety of techniques such as using a path planning
algorithm. In particular, a path planning algorithm may
involve constraints such as planning a collision-free path as
well as determining the quickest movement path, among oth-
ers.

Once the motion path has been determined, the robotic arm
may then use global considerations, such as the motion path
and any other factors, to select a grasp point. For example, any
potential grasp points that would result in a collision of the
robotic with a nearby obstructing object when the robotic arm
moves towards the object (e.g., the box) to be grasped, may be
rejected. In another example, any potential grasp points that
would result in a collision with a nearby obstructing object
when the robotic arm moves the object (e.g., the box) through
the determined motion path, may be rejected. In yet another
example, accommodation of the object at the drop-off loca-
tion may also be considered for selection of the grasp point.
Once the grasp point has been selected, the robotic arm may
grip the object and move it through the motion path to the
drop-off location.

II. Example Robotic Device

Reference will now be made in detail to various embodi-
ments, examples of which are illustrated in the accompanying
drawings. In the following detailed description, numerous
specific details are set forth in order to provide a thorough
understanding of the present disclosure and the described
embodiments. However, the present disclosure may be prac-
ticed without these specific details. In other instances, well-
known methods, procedures, components, and circuits have
not been described in detail so as not to unnecessarily obscure
aspects of the embodiments.

According to various embodiments, described herein are
methods and systems for automated loading and/or unloading
of'boxes and/or other objects, such as into a storage container
or from a vehicle. In some example embodiments, boxes or
objects may be automatically organized and placed onto pal-
lets. Within examples, automating the process of loading/
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unloading trucks and/or the process of creating pallets from
objects for easier storage and transport may provide a number
of industrial and business advantages.

According to various embodiments, automating the pro-
cess of loading/unloading trucks and/or the process of creat-
ing pallets may include the incorporation of one or more
robotic devices to move objects or perform other functions. In
some embodiments, a robotic device can be made mobile by
coupling with a wheeled base, a holonomic base (e.g., a base
that can move in any direction), or rails on the ceiling, walls
or floors. In some embodiments, the base can be an elevated
base.

In some examples, a system including one or more sensors,
one or more computers, and one or more robotic arms is
described. The sensors may scan an environment containing
one or more objects in order to capture visual data and/or
three-dimensional (3D) depth information. Data from the
scans may then be integrated into a representation of larger
areas in order to provide digital environment reconstruction.
In additional examples, the reconstructed environment may
then be used for identifying objects to pick up, determining
pick positions for objects, and/or planning collision-free tra-
jectories for the one or more robotic arms and/or a mobile
base.

Asused herein, the term “boxes” will refer to any object or
item that can be placed onto a pallet or loaded onto or
unloaded from a truck or container. For example, in addition
to rectangular solids, “boxes” canrefer to cans, drums, tires or
any other “simple” shaped geometric items. Additionally,
“loading” and “unloading” can each be used to imply the
other. For example, if an example describes a method for
loading a truck, it is to be understood that substantially the
same method can also be used for unloading the truck as well.
As used herein, “palletizing” refers to loading boxes onto a
pallet and stacking or arranging the boxes in a way such that
the boxes on the pallet can be stored or transported on the
pallet. In addition, the terms “palletizing” and “depalletizing”
can each be used to imply the other.

According to various embodiments, a robotic manipulator
may be mounted on a holonomic cart (e.g., a cart with wheels
that allow the cart to move in any direction). FIG. 1A depicts
an exemplary holonomic cart containing a robotic manipula-
tor. In some embodiments, a moveable cart 112 may include
a robotic arm 102 mounted on the cart 112. The robotic arm
102 may contain a gripping component 104 for gripping
objects within the environment. The cart may contain one or
more wheels 114, which may be holonomic wheels that oper-
ate with two degrees of freedom. In further embodiments, a
wrap around front conveyor belt 110 may be included on the
holonomic cart 112. In some examples, the wrap around front
conveyer belt may allow the robot to not have to rotate its
gripper to the left or right when unloading or loading boxes
from or to a truck container or pallet.

In other examples, the robotic manipulator may be
mounted on a different type of movable apparatus or may not
be mounted on a movable base at all. For example, the robotic
manipulator may be mounted at a fixed position within a
factory setting. In other example embodiments, one or more
robotic manipulators may be mounted on rails of a truck or
container. In such examples, the robotic manipulators may be
used to load or unload the truck or container.

FIG. 1B is a functional block diagram illustrating a robotic
device 100, according to an example embodiment. The
robotic device 100 could include various subsystems such as
a mechanical system 120, a sensing system 130, a control
system 140, as well as a power supply 150. The robotic device
100 may include more or fewer subsystems and each sub-
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system could include multiple elements. Further, each of the
subsystems and elements of robotic device 100 could be
interconnected. Thus, one or more of the described functions
of the robotic device 100 may be divided up into additional
functional or physical components, or combined into fewer
functional or physical components. In some further
examples, additional functional and/or physical components
may be added to the examples illustrated by FIGS. 1A and 1B.

The mechanical system 120 may include components
described above with respect to FIG. 1A, including a robotic
arm 102, a gripper 104, a conveyer belt 110, a (movable or
holonomic) cart 112, and one or more wheels 114. The
mechanical system 120 may additionally include a motor
122, which may be an electric motor powered by electrical
power, or may be powered by a number of different energy
sources, such as a gas-based fuel or solar power. Additionally,
motor 122 may be configured to receive power from power
supply 150. The power supply 150 may provide power to
various components of robotic device 100 and could repre-
sent, for example, a rechargeable lithium-ion or lead-acid
battery. In an example embodiment, one or more banks of
such batteries could be configured to provide electrical
power. Other power supply materials and types are also pos-
sible.

The sensing system 130 may use one or more sensors
attached to a robotic arm 102, such as sensor 106 and sensor
108, which may be 2D sensors and/or 3D depth sensors that
sense information about the environment as the robotic arm
102 moves. The sensing system may determine information
about the environment that can be used by control system 140
(e.g., a computer running motion planning software) to pick
and move boxes efficiently. The control system 140 could be
located on the device or could be in remote communication
with the device. In further examples, scans from one or more
2D or 3D sensors with fixed mounts on a mobile base, such as
a front navigation sensor 116 and a rear navigation sensor
118, and one or more sensors mounted on a robotic arm, such
as sensor 106 and sensor 108, may be integrated to buildup a
digital model of the environment, including the sides, floor,
ceiling, and/or front wall of a truck or other container. Using
this information, the control system 140 may cause the
mobile base to navigate into a position for unloading or load-
ing.

In additional examples, planar surface information may be
extracted from 3D sensors to model walls, floor and/or box
faces. After modeling the floor, projection of objects onto the
floor plane may enable segmentation of obstacles and/or tar-
get objects such as boxes. Floor-plane projection can also be
used to model the corrugated sides of a container or truck,
which may not be accurately modeled as planes. In further
examples, sidewall angles, floor plane roll and pitch, and/or
distance from side walls can be used to maneuver a mobile
base into a container without collisions. Use of extended 3D
information rather than a single line scan may help make the
extraction of navigation information robust. For example, the
side walls may have a vertical extent that is captured by the 3D
sensor. Scanning systems that use a single line of depth infor-
mation may be slower if they scan vertically and/or less robust
because they acquire less information. In additional
examples, front plane modeling can determine the distance to
a next group of objects to pick in truck unloading.

In further examples, the robotic arm 102 may be equipped
with a gripper 104, such as a digital suction grid gripper. In
such embodiments, the gripper may include one or more
suction valves that can be turned on or off either by remote
sensing, or single point distance measurement and/or by
detecting whether suction is achieved. In additional
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examples, the digital suction grid gripper may include an
articulated extension. In some embodiments, the potential to
actuate suction grippers with rheological fluids or powders
may enable extra gripping on objects with high curvatures.

In some embodiments, the gripper could potentially span
several boxes or objects and turn on suction for some or all of
the covered objects. In some embodiments, the suction or
adhesion devices may be a “digital” grid so that the robotic
device can turn on any number of the suction devices as will
fit boxes sensed for grabbing. In some implementations, the
system may notice a seam in the boxes (separation between
adjacent boxes) such that suckers can be activated on both
sides of the seam to pick up both boxes at once, thereby
doubling the throughput. In some embodiments, the suckers
can sense after a certain amount time whether they can suc-
cessfully grip a surface, after which they may automatically
shut off. In further embodiments, sections of the suckers can
fold down to grasp the top of the boxes. For instance, grippers
can initially start at full extension and then conform to the
surface being gripped.

In further examples, the robotic arm can implement a
wiggle movement to improve a suction grip. In additional
embodiments, the robotic arm can wiggle a box side to side to
help segment the box from its surroundings. In other embodi-
ments, the arm can wiggle upon pick up of the box to avoid
jostling other objects. In such embodiments, when trying to
adhere to an object in order to pick it up using suction, the
robotic arm may employ a wiggle motion in order to make a
firm seal against the object. In further examples, the robotic
arm may wiggle the object as the robotic arm is picking up the
object so that the box can more gently break friction or over-
lap contact with other items. This may help avoid a situation
where pulling the object up too directly or too quickly causes
other items to be tossed into the air.

According to various embodiments, cardboard boxes can
have concave, convex or otherwise rumpled faces that make it
hard for a suction device to adhere to. Thus, wiggling the
suction device as the device makes suction contact may
enable a more reliable grip on cardboard boxes and other
non-planar objects. In further examples, when first grabbing
a box, a few center suction devices can be turned on and the
arm can wiggle back and forth as it starts to pull the box out.
This may break surface adhesion with other boxes and help to
start to pull the box out. Once the box is at least partially
pulled out, the box may then be segmented from the other
boxes more easily. In some embodiments, wiggling while
picking up an object in clutter may remove other objects from
the picked up object, thereby preventing unwanted pick up of
surrounding objects.

According to various embodiments, segmentation of items
may be necessary for successful grasping. In some embodi-
ments, a smooth surface patch may belong to two separate
objects. In such instances, manipulator interaction with the
objects may be used to perturb the scene to better segment the
objects from each other. For motion separation, the natural or
forced movement of objects on a conveyor, on a slide, moving
in a tote, and/or actively jostled within a tote may be tracked
by optical flow, parallax, or time delayed views to calculate
stereo depth in order to enhance object segmentation.

In other examples, one or more of the sensors used by a
sensing system may be a RGBaD (RGB+active Depth) color
or monochrome camera registered to a depth sensing device
that uses active vision techniques such as projecting a pattern
into a scene to enable depth triangulation between the camera
or cameras and the known offset pattern projector. This type
of sensor data may help enable robust segmentation. Accord-
ing to various embodiments, cues such as barcodes, texture

20

40

45

8

coherence, color, 3D surface properties, or printed text on the
surface may also be used to identify an object and/or find its
pose in order to know where and/or how to place the object
(e.g., fitting the object into a fixture receptacle). In some
embodiments, shadow or texture differences may be
employed to segment objects as well.

Many or all of the functions of robotic device 100 could be
controlled by control system 140. Control system 140 may
include at least one processor 142 (which could include at
least one microprocessor) that executes instructions 144
stored in a non-transitory computer readable medium, such as
the memory 146. The control system 140 may also represent
a plurality of computing devices that may serve to control
individual components or subsystems of the robotic device
100 in a distributed fashion.

In some embodiments, memory 146 may contain instruc-
tions 144 (e.g., program logic) executable by the processor
142 to execute various functions of robotic device 100,
including those described above in connection with FIGS.
1A-1B. Memory 146 may contain additional instructions as
well, including instructions to transmit data to, receive data
from, interact with, and/or control one or more of the
mechanical system 120, the sensor system 130, and/or the
control system 140.

According to various embodiments, a perception guided
robot is described. For instance, a robotic device may utilize
a combination of perception together with planning to guide
the robot arm to pick up abox and place it where it needs to go.
FIG. 2A illustrates part of the robotic device from FIG. 1A
with a stack of boxes, according to an example embodiment.
As shown, the robotic device may include a robotic arm 102
with a gripping component 104, sensors 106 and 108, and
conveyer 110 as described above. In some examples, the
robotic device could be mounted on a holonomic cart as
described with respect to FIG. 1A, could be mounted on a
different type of movable apparatus, could be mounted on
rails or tracks, or could be stationary. The robotic device may
be controlled to pick boxes from a stack of boxes 220 con-
taining a heterogenous mix of shapes and sizes of boxes.

Within examples, a virtual environment including a model
of'the objects in 2D and/or 3D may be determined and used to
develop a plan or strategy for picking up the boxes. In some
examples, the robot may use one or more sensors to scan an
environment containing objects, as shown in FIG. 2B. As the
robotic arm 102 moves, a sensor 106 on the arm may capture
sensor data about the stack of boxes 220 in order to determine
shapes and/or positions of individual boxes. In additional
examples, a larger picture of a 3D environment may be built
up by integrating information from individual (e.g., 3D)
scans. Sensors performing these scans may be placed in fixed
positions, on a robotic arm, and/or in other locations. Accord-
ing to various embodiments, scans may be constructed and
used in accordance with any or all of a number of different
techniques.

In some examples, scans can be made by moving a robotic
arm upon which one or more 3D sensors are mounted. Feed-
back from the arm position may provide pose information
about where the sensor is positioned and may be used to help
with the integration. Alternately, or additionally, scans may
be made using one or more 2D sensors, for instance by lever-
aging motion and tracking keypoints in the environment. In
further examples, scans may be from fixed-mount cameras
that have fields of view (FOVs) covering a given field. In
additional examples, scans may be visually registered to help
with fine pose estimation, potentially giving better integration
results.
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In further examples, a virtual environment may be built up
using a 3D volumetric or surface model to integrate informa-
tion (e.g., from different sensors). This may allow the system
to operate within a larger environment, such as in cases where
one sensor may be insufficient to cover a large environment.
Such techniques may also increase the level of detail cap-
tured, which may help the robotic device perform various
tasks. In particular, integrating information can yield finer
detail than from a single scan alone (e.g., by bringing down
noise levels). This may make possible better object detection,
surface picking, or other applications.

In further examples, wide-angle environment reconstruc-
tion may be performed by sensing an environment and
extracting that information into a simplified geometric model
of simple mathematical 3D geometric forms (e.g., planes,
cylinders, cones, hemispheres, etc). In some instances, such
techniques may make motion planning easier and/or may
make violation of the models (e.g., collisions) easier to detect.
Alternately, or additionally, such techniques may allow a
parametric description to extend the environment. For
instance, the ground may be treated as a plane that extends
behind objects that occlude it.

In additional examples, planes or other mathematical sur-
faces in the environment may be extracted in 3D. These
known “ideal” surface detections may be combined into a
more accurate model of the environment. For instance, planes
may be used to determine the full extents of walls (or math-
ematical description thereof) and other obstacles to avoid
collisions and detect where objects of interest are. Also, math-
ematical representations of objects may be used to look for
anomalies such as when person enters into an environment.
Such events may violate the ideal model, which may make
their detection easier.

In other examples, certain objects such as boxes may have
simple planar form. For instance, a metal may have a geomet-
ric form of a cylinder and a tire may have a geometric form of
a torus. Example systems may leverage this trait of certain
objects in order model them and/or determine how to motion
plan for the objects. For instance, known templates of certain
shapes can be used to refine detected features of objects
within the environment that appear to match a particular
shape.

In some examples, 2D and 3D information may be repre-
sented at least in part via one or more facades. A facade may
be defined as a near-planar construct containing a set of
objects, represented as a depth map (e.g., a 2D map of dis-
tances as the third dimension). Examples of facades may
include the wall of boxes in a truck, the top of a pallet stack
containing boxes or other objects, or the top of a bin of
jumbled objects.

In further examples, a facade may be constructed from
boxes, for instance to plan in what order the boxes should be
picked up. For instance, as shown in FIG. 2C, box 222 may be
identified by the robotic device as the next box to pick up. Box
222 may be identified within a facade representing a front
wall of the stack of boxes 220 constructed based on sensor
data collected by one or more sensors, such as sensor 106 and
108. A control system may then determine that box 222 is the
next box to pick, possibly based on its shape and size, its
position on top of the stack of boxes 220, and/or based on
characteristics of a target container or location for the boxes.
The robotic arm 102 may then be controlled to pick up the box
222 using gripper 104 and place the box 222 onto the con-
veyer belt 110 (e.g., to transport box 222 into a storage area).

In additional examples, a facade may be represented as an
orthographic projection of 3D surface information. This rep-
resentation may allow for parsing the facade to determine
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interesting areas for a particular application. For example, in
truck unloading, the upper left corner of the next box to pick
may be determined based on a facade representation. In other
examples, an orthographic projection of integrated 3D envi-
ronment may be determined to give a wide-FOV, easily-
parsed representation for performing application-related
tasks. One such task may be finding the corner or corners
(e.g., top left) of a box to pick. Another such task may involve
finding good surfaces (e.g., relatively flat and large) for pick-
ing objects out of a bin.

In further examples, a 3D model of a stack of boxes may be
constructed and used as a model to help plan and track
progress for loading/unloading boxes to/from a stack or pal-
let. Any one actual camera view of the facade may suffer from
point of view occlusions and perspective distortion. Accord-
ingly, multiple RGBD views via robot arm movements and/or
different views from a cart base or fixed locations may be
combine to create a single facade of the boxes to be picked.

In other examples, the 3D model may be used for collision
avoidance. Within examples, planning a collision-free path
may involve determining the 3D location of objects and sur-
faces in the environment. A path optimizer may make use of
the 3D information provided by environment reconstruction
to optimize paths in the presence of obstacles. In further
examples, the optimizer may work in real time and may
accept many kinds of constraints. As an example of such a
constraint, the optimizer may attempt to keep the end effector
level throughout the path.

Inadditional examples, an environment may be captured as
amesh or set of 3D points. A robot arm may be represented as
a convex hull of plane segments for quick collision checking
Constant or frequent updating of the environment may allow
the robot arm to quickly respond to changes. In further
examples, an optimizer may perform frequent continuous
collision checking throughout its path. An optimizer may
accept arbitrary constraints in the form of costs, such as to
keep a certain distance away from objects or to approach a
goal position from a given angle. Additionally, an optimizer
may avoid robot fault conditions by working in joint space,
keeping track of windup and choosing goal positions from
among multiple inverse kinematics solutions. One strategy
for motion planning may involve looking ahead several
moves to see if the chosen goal joint position will be accept-
able for the next move.

In some embodiments, path constraints, such as collision
avoidance for robotic arms, cameras, cables, and/or other
components, may be put in a constraint based planning solver
and solved for to yield a best path to move the arm for
perception. Additionally, in some embodiments, the solver
may determine a best path for picking up, moving, and plac-
ing an object.

According to various embodiments, 3D and/or visual sen-
sors may be calibrated to determine their pose with respect to
the workspace. In the case of fixed sensors, the calibration
may determine their fixed pose in the workspace. In the case
of'a sensor on the arm, calibration may determine the offset
pose of the sensor from the arm link to which it is attached.

Within examples, calibration techniques may allow for the
calibration of an arbitrary number of sensors in the work-
space. Calibration may involve determining some or all of a
variety of parameters and coefficients. For example, calibra-
tion may solve for one or more intrinsic parameters such as
focal length and image center. As another example, calibra-
tion may determine one or more distortion coefficients such
as models of radial and tangential distortion. As yet another
example, calibration may solve for one or more extrinsic
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parameters, where the object is in a scene relative to a pattern
or other sensors that identified the same pattern in a scene.

In some examples, calibration may be performed at least in
part by using a calibration pattern, which may be a known set
of features in 2D or 3D. For instance, a known pattern of dots
may be used, where the distance between each dot and the
other dots is known. Calibration may be performed at least in
part by collecting multiple different views of an object. In
further examples, capturing multiple views of a calibration
pattern in different positions may allow for (1) calibration of
the one or more coefficients of the camera and/or (2) knowl-
edge of where the camera is relative to the coordinate system
established by where the calibration pattern was fixed. In
particular embodiments, a camera in the scene may identify a
calibration pattern on the robot arm while a camera on the arm
identifies a calibration pattern in the scene simultaneously.

In additional examples, calibration may involve a camera
fixed in a scene. In this case, a calibration pattern may be
placed on a robotic arm. The robotic arm may be configured
to move through the scene as multiple views of the calibration
pattern on the robotic arm are collected. This may help to
calibrate the camera and/or be useful for relating the coordi-
nate system of the camera to that of the robot. Further, the
relation of each device to the other can be determined by each
device as the robotic arm moves.

In certain examples, calibration may involve a camera
located on a robotic arm. A calibration pattern may be
mounted on a wall or table. Then, the camera may be moved
around, collecting multiple views of the calibration pattern
from different robot or robotic arm positions. When different
3D or 2D views (e.g., 2, 20, 200) are collected, these views
can be used to solve for the calibration relationships. After
calibration, when the camera on the arm moves, the system
can determine where it is relative to the coordinate system set
based on the location of the calibration pattern in the scene. In
particular embodiments, both the calibration pattern and the
camera may be movable. For example, the calibration pattern
may be located on a conveyor belt where the robotic arm may
be configured to place boxes. After calibration, the system
may determine where the camera was relative to that spot on
the conveyor belt.

In further examples, nonlinear optimization may be per-
formed in a two-stage process for robust estimation of 3D
sensor calibration. In one stage, an initialization may be
derived from the relative pose offsets of the target and the
sensors. In another stage, given the initialization, a batch
bundle adjustment may be used to find the optimal pose of the
cameras together with the target points. Calibration can be
extended to the estimation of robot parameters such as joint
lengths and joint angle offsets.

In other examples, known, precise, robot motion of the
camera over a calibration pattern, or a calibration pattern over
a camera may be used to improve calibration results. For
instance, information about precisely how the camera moves
may be used to obtain more accurate camera calibration. That
is, if the camera is moved 50 mm right, the corresponding
(perspective projection) amount of movement from the cali-
bration object may be detected. This information may be used
to jointly or separately optimize the calibration and tracking
parameters.

In additional examples, a robot can look at its ongoing
calibration and move in such a way as to maximize informa-
tion for better calibration. For example, it can detect that some
view areas have not been seen and go to those views.

In further examples, a system for the practical manipula-
tion of heterogeneous, categorical items, generally from a
cluttered collection areato a defined bin, is presented. In some
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embodiments, the pick location containing the items may not
be sensitive to precise object orientation(s) and items may be
mixed together. In additional examples, the place location for
the items may or may not be sensitive to object orientation. In
some examples, the pick-and-place regions may be defined as
3D regions acceptable for picking or placing an object, with
some tolerance. The pick-and-place region may be highly
cluttered with similar and/or disparate objects. In other
embodiments, the items may come from or be put into a
fixture, such as metal or plastic snaps that hold the sorted item
in a particular orientation.

In additional examples, environment modeling of both the
pick-and-place location may be used for intelligent grasp
location and motion, as well as event reporting (e.g., when a
place region is full or a pick region is empty). In some
examples, object bounding volumes may be computed and/or
distinguishing features of objects may be found (such as
textures, colors, barcodes or OCR). In some embodiments,
objects may be sorted into an assigned destination location by
matching against a database of location assignments indexed
by objecttype or object ID. For instance, an object’s locations
may be derived from reading a barcode, considering the size
of the object, and/or by recognizing a particular kind of
object.

In some examples, a plan for a robotic device may be
determined in order to achieve certain configurations of the
objects within a target location for the objects. For instance,
the goals for loading/unloading or constructing/deconstruct-
ing pallets may be to achieve: 1) a dense packing with mini-
mal air gaps in between boxes, and/or 2) a stable packing that
won’t easily collapse. In some embodiments, stability may
require that, in general, heavy objects are on the bottom, and
light objects are on top. In other examples, pallets may be
created in order to avoid non-interlaced column stacks, col-
umn leans, or other characteristics of a bad stack.

In further examples, the pallet or truck/container may be
loaded such that work by human operators in subsequent
unloading processes is minimized. For instance, in some
embodiments, items may be placed in last in, first out order
such that, upon unpacking, the items needed first are on top,
the items needed second are one layer down and so on. In
other examples, the loading of pallets may be independent of
how items flow towards the packing cells. Thus, according to
some embodiments, the system can handle packages sent in
random order or in an order known in advance. In addition, in
some embodiments, systems may adapt to changes in the flow
of items on the fly. In further examples, one or more boxes
may be recorded and buffered by holding the boxes in a
temporary storage area where their order can be changed
along the way.

According to various embodiments, a 2D simulator and/or
a 3D simulator may be utilized for truck or container loading/
unloading or for pallet loading/unloading. In some examples,
the state of a stack of boxes may be captured in the physical
world and input into the simulator. In some embodiments, a
variable size queue of boxes from one to all the boxes may be
used by a simulator for finding a next box to pick. For
example, a queue of 2 boxes or 4 boxes or 10 boxes may be
considered by a simulator.

In further examples, the simulator may search over the
boxes in the queue to find the best box placement by heuristic
algorithms and/or by brute force or multi-resolution search.
In some embodiments, the system may increment with
increasingly fine placement of boxes around the best sites
found in the previously coarser level. In some embodiments,
once placement of particular next box has been determined, a
physics planner may be used for motion planning in order to
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move the box efficiently to the determined locations. In fur-
ther examples, the physical and simulated stacks may be
continuously monitored for quality of the stack (e.g., density,
stability, and/or order placement). In some examples, the
process may be repeated until all the boxes have been placed
or the target container can no longer fit in another box.

III. Example Grippers

As mentioned above, example embodiments may relate to
methods and systems for causing a robotic manipulator (e.g.,
a robotic arm) to grip a physical object at a selected grasp
point with a gripper and move the physical object through a
determined motion path to a drop-off location. As illustrated
above in association with FIG. 1A-1B, a robotic arm may be
equipped with a gripper such as gripper 104. In particular, the
robotic arm may include a suction gripper such as a digital
suction grid gripper. However, other types of grippers may
also be used.

A suction gripper may include one or more suction valves
(also referred to as suction devices or suckers), where each
suction valve may be controlled (e.g., turned on or off) in
various ways. For example, a detection of whether suction is
achieved may be used to determine whether a suction valve is
to be turned on or off. Therefore, a digital suction grid gripper,
which includes a “digital” grid of suction valves, may be
particularly useful for grasping onto different types of sur-
faces.

To illustrate, consider FIG. 3A showing a suction gripper
302 including 24 suction valves (i.e., a 4 by 6 grid) that are
used to grasp a single box 304. For example, the robotic arm
may turn on any number of the suction valves as will fit the
box sensed for grabbing. The robotic arm may determine, for
each suction valve, whether the suction valve is in contact
with a surface to grab and may responsively turn on those
suction valves which are in contact as well as responsively
turn off those suction valves which are not in contact. For
instance, as shown in FIG. 3 A, nine of the suction valves may
be in contact with box 304 (as indicated by the darker circles),
and are thus turned on in order to grasp the box at the locations
as shown FIG. 3A. On the other hand, the remaining suction
valves may not be in contact with the box 304 (as indicated by
the white circles) and are thus turned off.

In another example, the gripper may span several objects
and turn on suction for several objects that require pick up. To
illustrate, consider FIG. 3B showing an example situation in
which a suction gripper may be used to grasp two boxes at
once (e.g., boxes 304 and 306). In this case, the robotic arm
may turn on any number of the suction valves as will fit the
two boxes sensed for grabbing. For instance, as shown in F1G.
3B, eighteen of the suction valves are in contact with boxes
304-306 and are thus turned on in order to grasp the box at the
locations as shown in FIG. 3B. On the other hand, the remain-
ing suction valves are not in contact with either box 304 or
box 306 and are thus turned off. Other examples may also be
possible.

In further examples, the system (e.g., the robotic arm) may
determine the presence of a seam in the boxes (i.e., a separa-
tion between adjacent boxes) and as a result, suction valves
may be turned on, on both sides of the seam, in order to pick
up both boxes at once, thereby doubling the throughput. Addi-
tionally, in some examples, if a suction valve senses, after a
predetermined period of time, that the suction valve cannot
grip a surface, then the suction valve may shut off.

In an example embodiment, as mentioned above, a digital
suction grid gripper may include an articulated extension. To
illustrate, consider F1G. 3C showing suction gripper 302 con-
figured to fold in order to grasp two sides of two boxes 308
and 310, respectively, where the two boxes are of different
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heights. As shown, sections of the grid may fold down to
grasp the top of the boxes. For instance, grippers can be
initially at full extension and then conform to the surface
being gripped.

Further, as mentioned above, a suction gripper may be
configured to grasp onto any type of surface. For example,
FIG. 3D shows a side view of suction gripper 302 including
suction valves 312A-C configured to grasp irregular surface
314. In particular, the suction valves 312A-C are each at
different angles and distances from a support structure of
suction gripper 302. As a result, a suction gripper may be
adapted to grasp any type of surface configuration. Other
examples may also be possible.

In some embodiments, suction grippers may be actuated
with rheological fluids or powders to allow for a stronger grip
on objects with higher curvatures such as irregular surfaces,
shapes, and objects. To illustrate, consider FIGS. 4A-C show-
ing an example suction valve 402 with bellows that are filled
with a rheological fluid or powder (e.g., sand). A rheological
fluid may become fluid or viscous/solid (i.e., hardened)
depending on the electrical/magnetic field applied. On the
other hand, applying a vacuum to a suction valve with bellows
that are filled with the rheological powder causes the powder
to stiffen (i.e., harden), while otherwise it is conformable.

As shown in FIG. 4A, the bellows in the suction valve 402
may cause the device to be at full extension when the fluid (or
powder) is slack and no surface is in contact. When the
suction valve 402 comes into contact with a surface 404, the
suction valve 402 may flex to conform to the surface 404, as
shown in FIG. 4B, prior to hardening. Once the suction valve
402 conforms to the surface 404, the device may harden as
shown in FIG. 4C, giving extra grip to surfaces with lots of
curvature. In other words, a magnetic or electric field (for a
suction valve containing a rheological fluid) may be turned on
and the device may become rigid. Alternatively, a vacuum
(for a suction valve containing a rheological powder) may be
turned on and the device may become rigid. Such rigidity may
help the suction valve grasp irregular surfaces, shapes, and
objects such as irregular surface 314 as discussed above.
Additionally, such rigidity may help the suction valve grasp
multiple objects with variable heights such as boxes 308 and
310 as discussed above. Other examples may also be possible.
IV. Ilustrative Methods

FIG. 5is aflowchart illustrating a method 500, according to
an example embodiment. In particular, method 500 may be
implemented to cause a robotic manipulator (e.g., a robotic
arm) to move a physical object to a drop-oft location.

Method 500 shown in FIG. 5 presents an embodiment of a
method that can be implemented within an operating envi-
ronment involving, for example, any robotic device described
above, such as a device including a robotic arm mounted on a
moveable cart with one or more sensors, as illustrated and
described with respect to FIGS. 1A-1B. In other examples,
method 500 may be carried out using a robotic manipulator
mounted on a different type of movable apparatus, on arail or
track, or at a stationary location. In further examples, part or
all of method 500 may be performed by one or more control
systems located on a robotic device and/or in remote commu-
nication with a robotic device. Additionally, while examples
with a single robotic arm may be described, various alterna-
tive embodiments may include any number of robotic arms,
or may include other automated systems integrated with at
least one robotic manipulator.

Additionally, method 500 may include one or more opera-
tions, functions, or actions as illustrated by one or more of
blocks 502-510. Although the blocks are illustrated in
sequential order, these blocks may also be performed in par-
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allel, and/or in a different order than those described herein.
Also, the various blocks may be combined into fewer blocks,
divided into additional blocks, and/or removed based upon
the desired implementation.

Further, for the method 500 and other processes and meth-
ods disclosed herein, the flowchart shows functionality and
operation of one possible implementation of present embodi-
ments. In this regard, each block may represent a module, a
segment, or a portion of program code, which includes one or
more instructions executable by a processor for implement-
ing specific logical functions or steps in the process. The
program code may be stored on any type of computer read-
able medium, for example, such as a storage device including
a disk or hard drive. The computer readable medium may
include non-transitory computer readable medium, for
example, such as computer-readable media that stores data
for short periods of time like register memory, processor
cache and Random Access Memory (RAM). The computer
readable medium may also include non-transitory media,
such as secondary or persistent long term storage, like read
only memory (ROM), optical or magnetic disks, compact-
disc read only memory (CD-ROM), for example. The com-
puter readable media may also be any other volatile or non-
volatile storage systems. The computer readable medium
may be considered a computer readable storage medium, for
example, or a tangible storage device. In addition, for the
method 500 and other processes and methods disclosed
herein, each block in FIG. 5 may represent circuitry (e.g., a
control system) that is wired to perform the specific logical
functions in the process.

Atblock 502, method 500 involves identifying one or more
characteristics of a physical object within a physical environ-
ment. A physical object may be any item detected by the
robotic arm, where the item is to be moved to a drop-off
location. The robotic arm, the physical object, and the drop-
off location may all be present within a particular setting
defined as the physical environment.

In an example embodiment, a robotic arm may move
towards an object, grasp or view the object, and subsequently
move to a different location in order to release the object or to
get a different view of the object. To make this process effi-
cient, it may be important to identify characteristics of the
object as well as plan the path to the object, the grasp or
viewpoint on the object, and subsequent motions with the
grasped or viewed object.

For instance, as discussed above, the robotic arm may be
used to pick up boxes and move the boxes through a motion
path to a drop-off location such as a truck. As mentioned
above, the term “boxes” may refer to any object or items that
can be placed onto a pallet or loaded onto or unloaded from a
truck or container. For example, in addition to rectangular
solids, “boxes” can refer to cans, drums, tires or any other
“simple” shaped geometric items.

To illustrate an example identification of physical object
characteristics, consider FIG. 6 A showing a robotic arm 602
equipped with a sensor 604 and a gripping component 606
(“gripper 606”) for gripping an object 608 located inside a bin
610. The robotic arm 602 may include any of the features as
described above in association with robotic arm 102 of FIG.
1A. Additionally, the sensor 604 may include any of the
features discussed above in association with sensors 106 and
108 of FIGS. 1A-1B and 1C-2C. Further, gripper 606 may be
adigital suction grid gripper as discussed above in association
with FIGS. 3A-D; however, any type of gripper may be used.
Yet further, for illustration purposes only, object 608 is shown
as having an irregular shape. However, object 608 may have
any shape such as a box, can, drum, or tire, among other
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possibilities. Note that the robotic arm 602 may be configured
to move the object 608 to drop-off location 612.

As shown in FIG. 6A, the robotic arm 602 may be posi-
tioned over the bin 610 in order to analyze the object 608
within the physical environment. In particular, one or more
sensors (e.g., sensor 604) on the robotic arm 602 may be used
to identity characteristics of the object 608 in order to deter-
mine potential grasp points on the object 608. Such grasp
point (which may also be referred to as pick points) may be
identified by finding surface normals as will be further dis-
cussed below in association with block 504 of method 500.
Specific processes and techniques for identifying character-
istics of a physical object will now be discussed.

In some examples, identifying one or more characteristics
of a physical object may involve generating a virtual object
based on data received from one or more sensors, where the
virtual object corresponds to the physical object, and where
the one or more characteristics of the physical object are
identified based at least in part on one or more characteristics
of' the virtual object.

For example, as discussed above, strategies for moving
physical objects to a drop-oft location may involve a combi-
nation of 3D vision/environment construction and motion
planning. In particular, the robotic arm may be programmed
to move along certain motion paths (e.g., arcs or zigzags) in
order to collect sensor data using one or more sensors
mounted on the robotic arm. In further examples, scans from
multiple sensors may be combined in order to create a single
virtual representation of the environment. Note that the pro-
cess of receiving sensor data from the one or more sensors and
determining a virtual representation may be performed by a
control system of a robotic device and/or by a remote control
system.

In an example embodiment, particular views and perspec-
tives of an object may be used for detecting the object. Such
views may be represented by a facade, which is a near-planar
construct containing a set of objects, represented as a depth
map (e.g., a 2D map of distances as the third dimension).
Therefore, a facade may be used to: determine a candidate
object to pick up, to move the robotic arm into a particular
position in order to get a better view for a robotic arm sensor,
and/or to detect the object by finding, for example, the plane
of'its visible face.

Examples of facades may include: the wall of boxes in a
truck, the top of a pallet stack with boxes or other objects, and
the top of a bin of disorganized objects. Additionally, a facade
may be represented as an orthographic projection of 3D sur-
face information. Such a representation may allow for parsing
out the facade to determine areas of interest for a particular
application. For example, in truck unloading, the upper left of
the next box to pick may be computed from the facade.

Note that one or more detection strategies may be used to
detect the box prior to picking it. For instance, detection
strategies may include: viewing the whole facade from fixed
sensors, using arm-mounted sensors that cover the facade, or
using a combination of fixed and arm-mounted sensors,
among other possibilities.

In some cases, missed detections of objects may occur. As
a result, recovery from missed detections may be carried out
by the robotic arm moving slightly to obtain a different view
and re-attempting the detection. In the case of moving boxes,
graceful degradation in detection capabilities may be carried
out by first attempting to detect a full box face. If the first
attempt fails, a corner (e.g., the upper left corner) may be used
along with an assumption of a width for the box. Note that
picking from the top of boxes may be carried out by detecting
the top face of the box rather than the front face of the box, or
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by detecting both the top face and front face simultaneously.
Other examples may also be possible.

In other examples, the identified characteristics of the
physical object may include a set of geometric characteristics
from aparticular perspective viewpoint of the physical object,
which may then be used to train templates for recognition.

In particular, a comparison can be made between the set of
geometric characteristics and one or more virtual geometric
shapes from the particular perspective viewpoint of the physi-
cal object. Based on an output of the comparison indicating
that at least one of the geometric characteristics substantially
matches a given virtual geometric shape, a virtual object may
be generated that is representative of the physical object and
associated with the matching virtual geometric shape. As a
result, the identified characteristics of the physical object may
be adjusted based on characteristics of the virtual object.

Often a system may recognize a generic set of objects such
as boxes, cans, and tires, among other possibilities. In such
cases, the system may use a parameterized geometric model
or a fused combination of geometric primitives to represent a
class of objects (e.g., rectangular solid for boxes, 3D cylin-
ders for cans, a solid cylinder section with a cylindrical hole
for tires etc.). The parameters of the model can then be varied
to generate templates to recognize limited classes (e.g.,
boxes, cans, tires) in a restricted range of sizes and orienta-
tions. For instance, the system may mathematically generate
recognition templates, rectify views to reduce matching
dimensions, and/or predict how templates change dynami-
cally with view to improve recognition.

According to various embodiments, for some object
classes, the system may mathematically construct models of
3D objects (e.g., from simple geometric objects or any math-
ematically describable object) to generate the templates
instead of constructing them from CAD or real training
examples. In the case of boxes, a 3D rectangle description
using parametrically generated templates may be used to
recognize boxes within a certain range of sizes. In some cases,
to improve detection, the system may use 3D information to
rectify the 3D view, which may facilitate finding the box
boundaries in off-angle detection situations.

In one example, the system may employ active template
matching. Once there is a template “hit” (i.e., match) on the
object, the system may move the view (or move the object)
and subsequently use the predicted change to confirm the
recognition. For instance, by rotating the object in (image)
plane 10 degrees, the view of the template may also be rotated
by 10 degrees. Once the view of the template is rotated, the
system may seek to confirm by expecting a high match
between the object and template. However, if a match is not
confirmed, the system may reconsider the view.

In another example, the system may use mathematical
descriptions of geometric objects to rapidly detect 3D surface
types such as plane sections and cylinder sections, among
other possibilities. This simplified information may be used
to rapidly plan grasping, scanning, and movement of the
objects since the bounds on its size and orientation are known.
For instance, the system may use a local detected surface type
(e.g., the long and short sides of a cylinder) for better align-
ment of the robot gripper. This may help to orient a hand-like
gripper or a suction gripper, as discussed above, to maximize
adherence to a surface (particularly with electrostatic surface
grippers).

In one case, the system may use the above techniques to
facilitate faster movement of the object without collision
since bounds can be placed around that object encompassing
the uncertainty of where exactly it was grabbed. For example,
grabbing a can (e.g., cylinder) the system may know that the
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uncertainty is on the length of the cylinder. However, the
uncertainty of length may only be as long as a typical can
itself, which may then be used as a bound for motion planning
without having to know the real dimensions (which are a
subset).

In another case, the system may use the knowledge of how
the geometric curvatures or planes are aligned to maximize
the accuracy of the object or box metrology (i.e., measure-
ment) step by aligning the surfaces or edges with a camera
orientation. In particular, for an object that is moving or for an
object that needs to be found in a known different view, the
system can project how the object will move and then expect
to get a precise fit in the new location.

In an example embodiment, the one or more characteristics
of'the physical object may be identified based on a plurality of
sensor scans of the physical object as the physical object is
moving through the physical environment. For example,
objects (e.g., boxes) may be moving towards the robotic arm/
sensor system via a conveyer belt 110 as discussed above, or
down a chute, among other possibilities. Therefore, processes
for identifying characteristics of the physical object as the
object is moving may be desirable to help segment objects
from each other in 3D to make grasping only single objects
more certain.

In some cases, techniques such as optical flow, parallax,
and frame to frame multi-view depth sensing may be used to
segment out individual objects when the objects are moving
towards the robotic arm (e.g., a pick and place robot). Optical
flow may also be referred to as “same flow” or “common
fate”, and may be described as the detection of relative motion
(e.g., by change of structured light in an image) between
sensors and an object. Additionally, parallax may also be
referred to as “object boundary common change”, and may
involve differential movement detection compared to a back-
ground. Further, frame to frame multi-view depth sensing
may involve treating two images from a moving series of
images as a stereo pair. Other examples and techniques may
also be possible.

Referring back to FIG. 5, at block 504, method 500
involves, based on the identified one or more characteristics,
determining one or more potential grasp points on the physi-
cal object, by a computing device, corresponding to points at
which a gripper attached to a robotic manipulator is operable
to grip the physical object.

In an example embodiment, determination of grasp points
on the object may depend on the characteristics of the objects
themselves as well as the gripper type. In particular, various
object surface characteristics may be used to determine
potential grasp points. For instance, these features may be
chosen based on the end effector (e.g., a gripper) design and
the classes of objects to be grasped.

In one case, such as for suction grippers, locally smooth
patches (e.g., flat areas) may be selected. In other words,
determining the one or more potential grasp points may
include an identification of one or more flat areas on the
physical object. As a result, the gripper may use suction to
grip objects. Additionally, for soft objects, statistical surface
analysis may be used to find locations where suction (or other
forms of grasping as appropriate to the robotic manipulator)
is likely to succeed. In some examples, the identified flat areas
may be larger in area than a gripping surface of the gripper.

In another case, the gripper may be a two finger gripper that
is configured to clamp onto two points on the object. As a
result, the robotic manipulator may be required to identify at
least two points on the object in order to successfully grasp
the object. In particular, identifying two points on the object
may involve identifying two points on two different surfaces
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of'the object that have approximately a 180 degree difference
in surface orientation. Other gripper types and examples may
also be possible.

In an example embodiment, potential grasp points on the
physical object may be identified by finding spatial clusters of
coherently oriented surface normals. In particular, the system
may make use of regular organization of surface normals as a
good grasp point for suction or electrostatic grippers to pick
up an object. Such areas of coherently oriented surface nor-
mals are often points of low surface curvature (also referred to
as “flat spots™) that work well for suction or electrostatic
grabbing devices.

To illustrate, consider FIG. 6B showing the robotic arm
602 as introduced in FIG. 6A, where the robotic arm 602 is
configured to move the object 608 located inside the bin 610
to the drop-off location 612. As shown in FIG. 6B, the robotic
arm 602 is on an approach path towards the object 608, where
the object 608 exhibits surface normals that represent flat
spots on the object 608.

In particular, the surface normals (i.e., the graspable fea-
tures) may allow for estimation of approach trajectories. For
instance, suction gripper protocols typically require an
approach to an object that is normal to the surface of the
object, in order for the suction valve to flatly contact the
object and create a vacuum seal against the object. In another
instance, if a two finger gripper is used, it may be desirable to
find “narrow enough” regions on an object where normal
surfaces are approximately 180 degrees apart, in order for the
fingers to clamp down on the normal surfaces (e.g., 2 opposite
sides of a small box or 2 sides of a cylinder).

As shown in FIG. 6B, the location of the object 608 is
considered in determining potential grasp points. For
example, as discussed above, object 608 is located in bin 610.
As a result, potential grasp points may only include points at
which the gripper 604, attached to the robotic arm 602, is
operable to grip the object 608. In particular, this is demon-
strated by the surface normals shown in FIG. 6B, where only
surface normals (i.e., potential grasp points) that can be
reached by an approach path of the robotic arm 602 are
shown.

Note that the location of the bin 610, with respect to other
local obstacles and/or fixtures in the physical environment,
may be further considered in narrowing down the potential
grasp points. In other words, the techniques described herein
may be used to determine the most feasible grasping points
that minimize collisions with other objects or surfaces within
the environment. Further, note that in addition to the sur-
rounding environment, the object size may also be used in
determination of potential grasp points.

Further, selecting potential grasp points may also involve
an evaluation of possible robotic arm configurations when the
robotic arm grasps onto the object. In other words, each
potential grasp point may be selected with the possibility of
several robotic arm configurations as the gripper grasps the
potential grasp point. For example, consider the potential
grasp point illustrated by the vertical bold surface normal as
shown in FIG. 6B (i.e., the large surface normal on the right).
This potential grasp point may be grasped at several different
robotic arm configurations. For instance, the robotic arm 602
may be slightly flexed (as illustrated in FIG. 6B) or the robotic
arm may extended (e.g., at 180 degrees) when grasping onto
object 608. Therefore, in addition to the evaluation of grasp-
able features, approach trajectories, nearby objects, and other
factors, the system may also evaluate the possible robotic arm
configurations for each potential grasp point. As a result, the
system may select potential grasp point at specific robotic
arm configurations that ensure collisions will be avoided dur-
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ing the approach path and/or while the object is picked up.
Other examples may also be possible. Note that the tech-
niques discussed below may be used in evaluation of robotic
arm configurations.

A robotic arm may have limitations on the positions (i.e.
configurations) that the robotic arm can achieve as well as the
speed with which the robotic arm can move from one position
to another. Thus, the system may be configured to make the
distinction between Cartesian space and joint space. For
instance, Cartesian space may be the normal 3D space that the
robotic arm may use to operate in the physical environment.
For example, it may be desirable to move the gripper to a
certain position in the environment. Therefore, the gripper
position may be specified by XYZ coordinates, while rotation
to a certain angle may be specified, for example, with Euler
angles.

On the other hand, joint space is the concatenation of the
translational and angular displacements of each joint of a
robotic link. As such, to command the robotic arm, the joint
angles may be specified at each of the robotic arm’s joints. For
example, a typical industrial robot may have six joints (e.g.,
three in the wrist for rotation, and three at the shoulder and
elbow for positioning the wrist in XYZ). As a result, such a
robot may position a tool (e.g. a gripper at the end of the
robotic) at an arbitrary six degree-of-freedom Cartesian pose
(e.g., XYZ and three Euler angles), within some limitations.

A translation from joint angles to Cartesian pose of the tool
is called forward kinematics (FK). On the other hand, a trans-
lation from a Cartesian pose to joint angles is called inverse
kinematics (IK). One possible issue with 1K may be that there
can be many solutions (e.g., up to sixteen or thirty two on
some robotic arms) for each Cartesian pose. For example, in
the case of a robot with seven joints, there may be an infinite
number of joint positions that correspond to a given Cartesian
pose. Therefore, since a gripper position may be specified in
Cartesian coordinates, the system may be configured to select
among these solutions when commanding the robot to move.

The solution to finding an appropriate set of commanded
joint angles may be framed as an optimization problem. For
example, the object may be viewed with a camera or depth
device placed at the end of a robotic arm. The camera may be
configured to look at the object within a certain distance
bound (e.g., 1-2 meters). Additionally, the camera may be
oriented such that the entire object appears in the image.
Further, additional criteria may include, for example, restrict-
ing the viewing angles to a subset of the available angles with
respect to a surface on the object, or setting the joint values as
close to zero as possible. These criteria may be converted into
a cost function that specifies the relative weight of each cri-
terion, and may be entered into a nonlinear optimization
program to determine a solution that minimizes the cost func-
tion.

Similar techniques of finding an appropriate set of com-
manded joint angles may be used in additional situations such
as determination of a potential grasp point. First, the system
may be configured to find all possible locations in Cartesian
space that would be appropriate for gripping the object (e.g.,
at the top of a box, or on its front face). Each such location
may have an associated weight. For instance, it may be desir-
able to pick a box from the top rather than a front face.
Subsequently, additional criteria may be introduces such as,
for example, configuring the gripper and the end of the
robotic arm to be as far away as possible from other objects.
Further, other criteria as discussed above may also be intro-
duced such as, for example, having joint values as close to
zero as possible. These criteria may be converted into a cost
function that specifies the relative weight of each criterion,
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and may be entered into a nonlinear optimization program to
determine a solution that minimizes the cost function for joint
angles required to achieve the goal position.

In some cases, the system may use learned and/or cached
knowledge to initialize the process of finding an appropriate
joint configuration to satisfy a tasks such as finding a goal
position to determine potential grasp points. Use of initial-
ization may make the process of nonlinear optimization more
efficient, and may result in finding a better solution. Cached
initial solutions may be learned by running simulations over
alarge set of typical problems. For example, in finding appro-
priate view poses for boxes in a facade, the system may
simulate the robotic arm looking at boxes in many different
positions in the facade. For each position, the system may
randomly sample a large set of initializations, and run the
optimizer. Subsequently, the system may select the best solu-
tion from all of those discovered, and store it along with the
position of the box in the facade. Such a learning process may
be lengthy, and may be done offline (in some cases, with the
assistance of additional computers to run many different
simulations in parallel). The results may be saved in a look-up
table, so that when running online, the system may find the
nearest cached situation in the look-up table, and use the
corresponding solution as an initialization for the nonlinear
optimization. Other examples of using cached knowledge for
initialization may include: finding appropriate poses on
objects, and switching from front picks to top picks when
picking a facade of boxes. Note that an additional discussion
of learning techniques and storing information is presented
below.

In an example embodiment, potential grasp points on the
physical object may be determined by identifying a fiducial
mark in a particular point on a virtual object, where the
fiducial mark indicates a reference point for gripping the
physical object. Subsequently, the system (e.g., the robotic
arm) may determine a point on the physical object corre-
sponding to the fiducial mark as one of the potential grasp
points.

For instance, during model capture (e.g., generation of a
virtual object), a user can mark the object under reconstruc-
tion with fiducial marks for automatic detection of important
points or features. Alternatively, the user can mark a con-
structed CAD model in a viewing window. Subsequently,
when an object is detected and is matched to the CAD model,
the fiducial marks may be present in the CAD model, and can
thus be used for control of various operations such as picking
or grasping the object, machining, painting, or gluing, among
other possibilities.

At block 506, method 500 involves determining a motion
path for the gripper to follow in order to move the physical
object to a drop-off location for the physical object. Various
techniques may be used for determination of a motion path.
For instance, a combination of perception together with path
planning may be used to guide the robotic arm to pick up abox
and place it in a drop-off location.

In an example embodiment, the robotic arm may scan the
physical environment, as demonstrated by FIG. 6A, and use
perception of the physical environment as a basis for a path
planning algorithm. While scanning the environment, a
facade of the physical object may be recorded. The facade
may then be used to develop a plan for picking up the physical
object. For example, in the case of a box, all the recognition
templates and their perturbations may be mathematically
generated based on the geometry of the box.

A path planning algorithm may involve path constraints,
such as collision avoidance and quickest movement path,
which can be input to a constraint-based planning solver and
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solved for to yield a path (or optimal path) to move the robotic
arm. Additionally, in some cases, the solver may also deter-
mine a path for picking up, moving and placing the object.

Planning a collision-free path may involve determining the
“virtual” location of objects and surfaces in the environment.
For example, a path optimizer may make use of the 3D infor-
mation provided by environment reconstruction to optimize
paths in the presence of obstacles, such as bin 610 as shown in
FIGS. 6A-6B.

Various techniques may be used to optimize a path. In one
example, a representation of an environment may be captured
as a mesh or set of 3D points. The robotic arm may then be
represented as a convex hull of plane segments for quick
collision checking. As a result, constant or frequent updating
of the environment may allow the robotic arm to quickly
respond to changes.

In another example, an optimizer may perform frequent
continuous collision checking throughout its path. For
example, an optimizer may accept arbitrary constraints in the
form of costs such as: keeping a particular distance away from
objects, and to approach a goal position from a given angle,
among other possibilities. Further, an optimizer may avoid
robot fault conditions by working in joint space, keeping
track of windup, and choosing goal positions from among
multiple inverse kinematics solutions. For instance, one strat-
egy for motion planning may involve looking ahead several
moves to evaluate whether the chosen goal joint position will
be acceptable for the next move.

In an example embodiment, the robotic may move along a
path, from its initial pose to a grasp or viewpoint pose, and
then to a drop-off pose or a second viewpoint pose. Solving
for the best joint position at each Cartesian pose in this chain
may be done individually. However, a more desirable robot
motion may be achieved by considering all poses at once. For
example, consider the case of going to an object, grasping it,
and then dropping it off at a drop-off location as discussed
herein. In this case, there may be two goal poses in Cartesian
space such as the grasping pose and the drop-off pose. Each of
these may have multiple solutions in joint space. Therefore,
the system may be configured for optimization of the joint
space solutions for the two poses together.

For instance, the robotic arm motion may go through N
poses, each of which may have multiple joint space solutions.
Additionally, there may be multiple criteria at each pose or
between poses. For example, the system may be configured to
minimize the joint rotations necessary to go from one pose to
the next. To solve this problem, the system may be configured
to set up the problem as a dynamic programming problem. In
particular, at each Cartesian goal pose, the system may define
the set of joint space solutions corresponding to that pose.
Additionally, for each pair of joint space solutions in neigh-
boring goals, the system may compute an optimal path
between the joint configurations. Each such path may have a
weight or cost assigned to it, based on criteria previously
stated above (e.g., how long the path is, how close the joints
areto zero at the end). Subsequently, using dynamic program-
ming, the system may select the desirable connected path
from the start position to the end goal. As such, dynamic
programming may determine the most appropriate path, in
the sense that the path has the smallest cost of all the con-
nected paths from start to goal.

To set up the path optimization problem, the system may
construct a set of waypoints in joint space which define the
path, with the first waypoint being the start position, and the
last waypoint the goal position. In some cases, the number of
waypoints may vary from ten to fifty, depending on the com-
plexity ofthe path. Subsequently, the system may add various
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criteria as cost functions in the optimization. Such criteria
may include but are not limited to: (a) even spacing (e.g., the
waypoints should be evenly spaced in Cartesian space), (b)
collision checking with objects in the environment which
may be carried out for a swept volume between each way-
point, (¢) the orientation of the grasped object should change
as little as possible, (d) the path should be as smooth as
possible, and (e) maintaining the joint angles of the robotic
within bounds, among other possibilities. Note that if a con-
strained optimizer is available, some criteria may be included
as constraints (e.g., the joint limits of the robot, or collisions
with objects).

Insome cases, optimization may be used in Cartesian space
to facilitate motions where the robotic arm is moving an
object in near-contact with other object. In other words,
instead of solving the problem in joint space, the system may
re-phrase the problem to use Cartesian space coordinates,
with restrictions on the motion. For example, in pulling a box
out from among other boxes, the system may spec that the box
is not rotated during pull-out. Solving such a problem in
Cartesian space may lead to a smoother path than the joint
space solution. The end result of such a solution may be a set
of waypoints in Cartesian space which may be converted to
joint space waypoints using the dynamic programming tech-
niques discussed above.

Referring back to FIG. 5, at block 508, method 500
involves selecting a grasp point from the one or more poten-
tial grasp points based on the determined motion path. Tech-
niques described herein may consider the total path and
physical constraints of movement, collisions, and robot joint
configurations to select a grasp point.

In an example embodiment, a grasp point on an object may
be determined based on global considerations of the whole
task or whole path to be taken. In other words, the motion path
may be optimized together with grasp point selection over the
whole task. For instance, 2D or 3D models may be combined
with 2D or 3D surface perception in the physical environment
(in a global optimization) to select the grasp point, robot joint
motion, and/or path plan.

In one case, selecting the grasp point from the one or more
potential grasp points further may include rejecting one or
more potential grasp points that result in a collision with an
obstructing object when the robotic manipulator moves
towards the physical object in order to grip the physical object
at the selected grasp point with the gripper. For example, as
shown in FIG. 6B, as the robotic arm 602 approaches the
object 608, the arm (or computing device) selects an approach
that seeks to avoid a collision with bin 610.

In another case, selecting the grasp point from the one or
more potential grasp points may include rejecting one or
more potential grasp points that result in a collision with an
obstructing object when the robotic manipulator moves the
physical object through the determined motion path to the
drop-offlocation. For example, as shown in FIGS. 6 A-6B, as
the robotic arm 602 analyzes the physical environment and
approaches object 608, the robotic arm 602 may select a grasp
point that ensures a collision with obstructing objects (e.g.,
bin 610, the platform of the drop-offlocation 612) is avoided.

In yet another case, selecting the grasp point from the one
ormore potential grasp points may include selecting the grasp
point based on geometric characteristics of the drop-off loca-
tion such that the one or more identified characteristics of the
physical object accommodate the geometric characteristics of
the drop-off location. For example, object 608 is shown as
having an irregular shape and drop-off location 612 is con-
figured to accommodate certain sizes and shapes. Therefore,
it may be desirable to select a grasp point such that when the
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robotic arm 602 moves the object 608 through the motion
path, the object 608 can be properly placed in the drop-off
location 612.

In one example, the system may consider other objects to
be placed at the drop-off location in the future, and respon-
sively select a grasp point that may allow for accommodation
of'multiple objects (with potentially varying shapes and sizes)
at the drop-off location. In another example, the system may
also consider the desired order in which multiple objects are
to be placed at the drop-oft location. In yet another example,
the system may select a grasp point which may ensure that the
object does not tip over when the object is placed at the
drop-off location. Other examples may also be possible.

Note, that the motion path may be further adjusted after the
robotic arm grasps the object at the selected grasp point. This
may be done to avoid collisions with objects that were not
previously in the physical environment and/or objects that
have moved to a different physical location within the envi-
ronment. Further, note that any combination of the above
cases may be possible for the process of selecting a grasp
point. However, other cases may also be possible.

An example of the selection of a grasp point is shown in
FIG. 6B. FIG. 6B shows an object in the bin 610 together with
surface normals on that object produced by processing depth
data from a depth sensing device. In particular, FIG. 6B shows
that when the local configuration of the robot arm is consid-
ered along with its suction gripper and the bin that contains
the object, there may only be two feasible grasp points as
illustrated by the bold/larger surface normals on the object
608. Based on the model of the object 608, the robotic arm
602, the sensed physical environment, and the goal drop-off
location 612, a single grasp point may be selected.

To illustrate, consider FIG. 6C showing the robotic arm
602 physically grasping onto the object 608 at a selected
grasp point. In particular, the remaining surface normal rep-
resents the selected grasp point. For example, the shown
grasp point may have been selected in order to avoid a colli-
sion with the bin later on as the robotic arm 602 moves the
object 608 through a planned motion path. Possible consid-
erations for determining a grasp point include known models,
sensed models, sensed scene surfaces, joint angles, planned
motion path, potential grasp points, and/or arm windup to
help select a grasp point. Other examples may also be pos-
sible.

Referring back to FIG. 5, at block 510, method 500
involves providing instructions to cause the robotic manipu-
lator to grip the physical object at the selected grasp point
with the gripper and move the physical object through the
determined motion path to the drop-oft location.

To illustrate, consider FIG. 6D showing the robotic arm
602 moving object 608 through a determined motion path 614
to the drop-offlocation 612 and subsequently, the robotic arm
602 places the object at the drop-off location 612. Note that,
while a particular motion path 614 is shown, multiple motion
paths may be possible to achieve the same result. Further, note
that the robotic arm 602 changes the orientation of the object
608 along the motion path 614 such that the object 608
accommodates the drop-off location 612 as discussed above.

Additionally, the robotic arm 602 may determine if one or
more adjacent physical objects are in contact with the object
608. If adjacent physical object are in contact with the object
608, instructions may be provided to cause the robotic arm
602 to create space between the object 608 and adjacent
physical object by using the gripper 606 to cause the object
608 to alternately move in at least two opposing directions
(“wiggle”) prior to moving the object 608 through the deter-
mined motion path 614. Note that this may reduce the likeli-
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hood that adjacent objects are tossed up or misarranged as the
object 608 of interest is moved. Further, note that when a
suction gripper is used, better adhesion may often be achieved
by “wiggling” the object 608 as the object is being grasped at
the selected grasp point.

V. Additional Features

In an example embodiment, the system may make use of
specifically learned pick up points to yield efficient object
specific pick up in any orientation the object might be in. For
example, the robotic arm may analyze the physical environ-
ment and use various sensors to form a 3D model and subse-
quently grasp the object at a selected grasp point based on
various factors. Each time this occurs, the robotic arm may
evaluate how well the pick point performed (e.g., in terms of
slippage) and store that knowledge.

In another example, as the 3D model forms, the robotic arm
may go through repeated experimentation using grasp points.
For instance, the robotic arm may pick up the object and learn
its weight distribution. The model and its weight may then be
entered into a simulator to evaluate potential grasp points. As
a result, many virtual grasps may be tried and evaluated, and
the best grasps may be retained.

In particular, information stored (e.g., in a memory stor-
age) may includes the identified characteristics of the object,
the selected grasp point, and/or the determined motion path,
among other possibilities. In some cases, a performance
evaluation of the selected grasp point may be performed,
where the evaluation may be based on the movement of the
object through the determined motion path to the drop-off
location. Subsequently, the performance evaluation may also
be stored.

Subsequently, in run time, when an object is recognized,
the stored information may be accessed and the grasp points
may be looked up. In other words, the stored information may
be used to determine other grasp points for the robotic
manipulator to use in picking up additional physical objects
from the physical environment. As a result, grasp points may
be evaluated for reachability, motion planning, and placement
in order to choose a grasp point. Additionally, the stored
information may also be sent to a second robotic manipulator
to determine grasp points for the second robotic manipulator
to use to pick up physical objects from a physical environ-
ment.

In an example embodiment, various techniques may also
be used to train a robotic manipulator to “pick and place”
objects into fixtures or other complex arrangements. For
example, a robotic arm may be trained by example via revers-
ing the movements and manipulations for a task. In particular,
oriented calibration “pucks” may be used to help the robotic
manipulator determine where to move. Such pucks may be
used as markers, for instance, to specify “from” and “to”
locations. In other works, the pucks may indicate a starting
location for the robotic manipulator and an end location such
that the robotic manipulator can train to move certain objects
via certain motion paths.

For training a robotic manipulator by example, training
may be made easier by “going in reverse.” For instance, the
training procedure may be started from the end and go to the
beginning. The robotic manipulator may then know its end
goals first and backtracks how it can get to those end states.
Additionally, the robotic manipulator may make use of a
global (or local) path planning algorithm such as described
above to fill in the parts of the path that were not explicitly
specified.

In one example, for putting items from a bin into a fixture
as shown in FIGS. 6 A-D, the system may start with the object
608 in the fixture gripped by the robotic arm 602 so that the
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robotic arm knows the end state and then lift the object 608
out and move it to the bin 610 so that the robotic arm back-
tracks and sees the overall motion into the end state. Subse-
quently, the robotic arm 602 may be moved so that the object
608 is in the bin 610 and then release the gripper 606 such that
the robotic arm 602 sees its start state.

The present disclosure is not to be limited in terms of the
particular embodiments described in this application, which
are intended as illustrations of various aspects. Many modi-
fications and variations can be made without departing from
its spirit and scope, as will be apparent to those skilled in the
art. Functionally equivalent methods and apparatuses within
the scope of the disclosure, in addition to those enumerated
herein, will be apparent to those skilled in the art from the
foregoing descriptions. Such modifications and variations are
intended to fall within the scope of the appended claims.

The above detailed description describes various features
and functions of the disclosed systems, devices, and methods
with reference to the accompanying figures. In the figures,
similar symbols typically identify similar components, unless
context dictates otherwise. The example embodiments
described herein and in the figures are not meant to be limit-
ing. Other embodiments can be utilized, and other changes
can be made, without departing from the spirit or scope of the
subject matter presented herein. It will be readily understood
that the aspects of the present disclosure, as generally
described herein, and illustrated in the figures, can be
arranged, substituted, combined, separated, and designed in a
wide variety of different configurations, all of which are
explicitly contemplated herein.

The particular arrangements shown in the figures should
not be viewed as limiting. It should be understood that other
embodiments can include more or less of each element shown
in a given figure. Further, some of the illustrated elements can
be combined or omitted. Yet further, an example embodiment
can include elements that are not illustrated in the figures.

While various aspects and embodiments have been dis-
closed herein, other aspects and embodiments will be appar-
ent to those skilled in the art. The various aspects and embodi-
ments disclosed herein are for purposes of illustration and are
not intended to be limiting, with the true scope being indi-
cated by the following claims.

We claim:

1. A method comprising:

identifying one or more characteristics of a physical object
within a physical environment, wherein the identified
one or more characteristics of the physical object com-
prise a set of geometric characteristics from a particular
perspective viewpoint of the physical object;

making a comparison between the set of geometric char-
acteristics and one or more virtual geometric shapes
from the particular perspective viewpoint of the physical
object;

based on an output of the comparison indicating that at
least one of the geometric characteristics substantially
matches a given virtual geometric shape, generating a
virtual object representative of the physical object and
associated with the matching virtual geometric shape;

adjusting one or more identified characteristics of the
physical object based on characteristics of the virtual
object;

based on the adjusted identified one or more characteris-
tics, determining by a computing device two or more
potential grasp points on the physical object correspond-
ing to points at which a gripper attached to a robotic
manipulator is operable to grip the physical object;
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determining a motion path for the gripper to follow in order
to move the physical object to a drop-offlocation for the
physical object;

selecting a grasp point from the two or more potential grasp

points based on the determined motion path; and
providing instructions to cause the robotic manipulator to
grip the physical object at the selected grasp point with
the gripper and move the physical object through the
determined motion path to the drop-oft location.
2. The method of claim 1, further comprising:
receiving at least one sensor scan of the physical object,
wherein identifying the one or more characteristics of
the physical object is based at least in part on the at least
one sensor scan of the physical object.

3. The method of claim 1, wherein determining the two or
more potential grasp points comprises identifying of two or
more flat areas on the physical object.

4. The method of claim 3, wherein the gripper uses suction
to grip objects, and wherein the identified two or more flat
areas are each larger in area than a gripping surface of the
gripper.

5. The method of claim 1, wherein determining the two or
more potential grasp points comprises identifying a first point
on a first surface of the physical object and a second point on
a second surface of the physical object, wherein the first and
second surfaces have opposite surface orientations, and
wherein the gripper comprises a two finger gripper config-
ured to clamp onto the identified first and second points.

6. The method of claim 1, wherein selecting the grasp point
from the two or more potential grasp points further comprises
rejecting, from among the two or more potential grasp points,
one or more potential grasp points that result in a collision
with an obstructing object when the robotic manipulator
moves towards the physical object in order to grip the physi-
cal object at the selected grasp point with the gripper.

7. The method of claim 1, wherein selecting the grasp point
from the two or more potential grasp points further comprises
rejecting one or more potential grasp points that result in a
collision with an obstructing object when the robotic manipu-
lator moves the physical object through the determined
motion path to the drop-off location.

8. The method of claim 1, wherein selecting the grasp point
from the two or more potential grasp points further comprises
selecting the grasp point based on geometric characteristics
of the drop-off location to cause the one or more identified
characteristics of the physical object to accommodate the
geometric characteristics of the drop-oft location.

9. The method of claim 1, wherein determining the motion
path for the gripper comprises determining a sequence of
joint angles for the robotic manipulator that minimizes a cost
function, wherein the cost function comprises a plurality of
weighted criterion associated with different characteristics of
the motion path.

10. The method of claim 1, wherein determining the
motion path for the gripper comprises determining a
sequence of Cartesian coordinates for the physical object that
minimizes a cost function, wherein the cost function com-
prises a plurality of weighted criterion associated with differ-
ent characteristics of the motion path.

11. The method of claim 1, wherein selecting the grasp
point from the two or more potential grasp points comprises
selecting a grasp point from the two or more potential grasp
points that minimizes a cost function, wherein the cost func-
tion comprises a plurality of weighted criterion associated
with different characteristics of the grasp point.

12. The method of claim 1, wherein selecting the grasp
point from the two or more potential grasp points comprises
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selecting a grasp point from the two or more potential grasp
points that minimizes a cost function, wherein the cost func-
tion comprises:

a plurality of weighted criterion associated with different
characteristics of a pose of the robotic manipulator at the
grasp point; and

a plurality of weighted criterion associated with different
characteristics of a pose of the robotic manipulator at the
drop-off location.

13. The method of claim 1, further comprising:

storing information, in a memory storage, comprising one
or more of: (i) the identified one or more characteristics
of the physical object, (ii) the adjusted identified one or
more characteristics of the physical object, (iii) the
selected grasp point, (iv) the determined motion path,
and (v) a performance evaluation of the selected grasp
point based on the movement of the physical object
through the determined motion path to the drop-offloca-
tion.

14. The method of claim 13, further comprising:

using the stored information to determine other grasp
points for the robotic manipulator to use in picking up
additional physical objects from the physical environ-
ment.

15. The method of claim 13, further comprising:

providing the stored information to a second robotic
manipulator to determine grasp points for the second
robotic manipulator to use to pick up physical objects
from a physical environment.

16. The method of claim 1, further comprising:

determining one or more adjacent physical objects in con-
tact with the physical object; and

providing instructions to cause the robotic manipulator to
create space between the physical object and the one or
more adjacent physical objects by using the gripper to
cause the physical object to alternately move in at least
two opposing directions prior to moving the physical
object through the determined motion path.

17. The method of claim 1, further comprising:

receiving sensor data from one or more sensors, wherein
generating the virtual object is further based at least in
part on the sensor data received from one or more sen-
SOrs.

18. The method of claim 17, wherein the one or more

sensors are attached to the robotic manipulator.

19. The method of claim 1, further comprising:

identifying a fiducial mark at a particular point on the
virtual object, wherein the fiducial mark indicates a ref-
erence point for gripping the physical object; and

determining a point on the physical object corresponding
to the fiducial mark as one of the two or more potential
grasp points.
20. A system comprising:
a robotic manipulator;
a gripper attached to the robotic manipulator; and
a control system configured to:
identify one or more characteristics of a physical object
within a physical environment, wherein the identified
one or more characteristics of the physical object
comprise a set of geometric characteristics from a
particular perspective viewpoint of the physical
object;

make a comparison between the set of geometric char-
acteristics and one or more virtual geometric shapes
from the particular perspective viewpoint of the
physical object;
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based on an output of the comparison indicating that at
least one of the geometric characteristics substantially
matches a given virtual geometric shape, generate a
virtual object representative of the physical object and
associated with the matching virtual geometric shape;

adjust one or more identified characteristics of the physi-
cal object based on characteristics of the virtual
object;

based on the adjusted identified one or more character-
istics, determine two or more potential grasp points on
the physical object corresponding to points at which
the gripper is operable to grip the physical object;

determine a motion path for the gripper to follow in
order to move the physical object to a drop-off loca-
tion for the physical object;

select a grasp point from the two or more potential grasp
points based on the determined motion path; and

provide instructions to cause the robotic manipulator to
grip the physical object at the selected grasp point
with the gripper and move the physical object through
the determined motion path to the drop-oft location.

21. The system of claim 20, wherein the control system is
configured to determine the two or more potential grasp
points by identitying of two or more flat areas on the physical
object.

22. The system of claim 21, wherein the gripper uses suc-
tion to grip objects, and wherein the identified two or more flat
areas are each larger in area than a gripping surface of the
gripper.

23. The system of claim 20, wherein selecting the grasp
point from the two or more potential grasp points further
comprises selecting the grasp point based on geometric char-
acteristics of the drop-off location to cause the one or more
identified characteristics of the physical object to accommo-
date the geometric characteristics of the drop-off location.
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24. A non-transitory computer readable medium having
stored therein instructions, that when executed by a comput-
ing device, cause the computing device to perform functions
comprising:

identifying one or more characteristics of a physical object

within a physical environment, wherein the identified
one or more characteristics of the physical object com-
prise a set of geometric characteristics from a particular
perspective viewpoint of the physical object;

making a comparison between the set of geometric char-

acteristics and one or more virtual geometric shapes
from the particular perspective viewpoint of the physical
object;
based on an output of the comparison indicating that at
least one of the geometric characteristics substantially
matches a given virtual geometric shape, generating a
virtual object representative of the physical object and
associated with the matching virtual geometric shape;

adjusting one or more identified characteristics of the
physical object based on characteristics of the virtual
object;

based on the adjusted identified one or more characteris-

tics, determining two or more potential grasp points on
the physical object corresponding to points at which a
gripper attached to a robotic manipulator is operable to
grip the physical object;

determining a motion path for the gripper to follow in order

to move the physical object to a drop-offlocation for the
physical object;

selecting a grasp point from the two or more potential grasp

points based on the determined motion path; and
providing instructions to cause the robotic manipulator to
grip the physical object at the selected grasp point with
the gripper and move the physical object through the
determined motion path to the drop-oft location.
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